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(57) ABSTRACT 

A hybrid approach is described for combining frequency 
Warping and Gaussian Mixture Modeling (GMM) to achieve 
better speaker identity and speech quality. To train the voice 
conversion GMM model, line spectral frequency and other 
features are extracted from a set of source sounds to generate 
a source feature vector and from a set of target sounds to 
generate a target feature vector. The GMM model is estimated 
based on the aligned source feature vector and the target 
feature vector. A mixture speci?c Warping function is gener 
ated each set of mixture mean pairs of the GMM model, and 
a Warping function is generated based on a Weighting of each 
of the mixture speci?c Warping functions. The Warping func 
tion can be used to convert sounds received from a source 

speaker to approximate speech of a target speaker. 
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HYBRID APPROACH IN VOICE 
CONVERSION 

The technology generally relates to devices and methods 
for conversion of speech in a ?rst (or source) voice so as to 
resemble speech in a second (or target) voice. 

BACKGROUND 

Voice conversion systems may be used in a Wide variety of 
applications. In general, “voice conversion” refers to tech 
niques for modifying the voice of a ?rst (or source) speaker to 
sound as though it Were the voice of a second (or target) 
speaker. As such, voice conversion transforms speech signals 
to change the perceived identity of the speaker While preserv 
ing the speech content. Such transformations typically use 
conversion models trained on speech provided by source and 
target speakers. 

Gaussian Mixture Modeling (GMM), codebook and fre 
quency Warping methods are commonly used for voice con 
version. For instance, frequency Warping is a voice conver 
sion technique that provides high quality converted speech, 
but has limited ability to provide speaker identity conversion. 
Conversely, GMM is a technique Which offers good speaker 
identity conversion but may signi?cantly degrade the quality 
of the converted speech. 

SUMMARY 

This Summary is provided to introduce a selection of con 
cepts in a simpli?ed form that are ?lrther described beloW in 
the Detailed Description. This Summary is not intended to 
identify key or essential features of the claimed subject mat 
ter, nor is it intended to be used as an aid in determining the 
scope of the claimed subject matter. 

In some embodiments, target and source speakers provide 
voice input that is divided into segments. Parameters of the 
segments may be calculated and included in a source feature 
vector and a target feature vector. The source feature vector 

and the target feature vector can be j oined and aligned to form 
a joint random variable, and a mixture model, such as a voice 
conversion model, can be trained using the joint random 
variable. A mean vector of the joint random variable can be 
split into source and target parts and used to generate source 
and target spectral envelopes. A constrained search can auto 
matically ?nd formant alignment for each pair of spectral 
envelopes. Then, mixture speci?c Warping functions of each 
mixture can be derived by curve ?tting through the aligned 
formants. The Warping function applicable to a given source 
segment in the voice conversion process may be a Weighted 
combination of all mixture speci?c Warping functions. Prior 
probabilities may be used as the Weights in the combination. 
Finally the Warping function can be directly applied on 
speech parameters (e.g., on compressed speech parameters) 
to convert speech of the source speaker to approximate speech 
of the target speaker. 

BRIEF DESCRIPTION OF THE DRAWINGS 

The foregoing summary of the invention, as Well as the 
folloWing detailed description of illustrative embodiments, 
may be better understood When read in conjunction With the 
accompanying draWings, Which are included by Way of 
example, and not by Way of limitation With regard to the 
claimed invention. 

20 

25 

30 

35 

40 

45 

50 

55 

60 

65 

2 
FIG. 1 is a block diagram of a voice conversion device 

con?gured to perform voice conversion according to at least 
some exemplary embodiments; 

FIG. 2A illustrates a How diagram of a method for training 
a voice conversion GMM model on a set of aligned source and 
target feature vectors in accordance at least some exemplary 
embodiments, and FIG. 2B illustrates a How diagram of a 
method for modeling of the vocal tract contribution and the 
excitation signal in accordance at least some exemplary 
embodiments; 

FIG. 3 illustrates a lattice for deriving a mixture speci?c 
Warping function in accordance With at least some exemplary 
embodiments; 

FIG. 4 illustrates a How diagram of a method of applying a 
Warping function to sounds of a source speaker to convert the 
sounds to approximate speech of a target speaker; 

FIG. 5 illustrates a method of applying a voice conversion 
GMM model to a source LSF feature vector in accordance 

With exemplary embodiments; and 
FIG. 6 is a speech production module in accordance With at 

least some exemplary embodiments. 

DETAILED DESCRIPTION 

Systems and methods in accordance With exemplary 
embodiments provide a hybrid approach that combines cer 
tain aspects of frequency mapping and voice conversion 
Gaussian mixture models (GMM) to provide both high qual 
ity speech and good identity mapping in converted speech. 
The exemplary embodiments discussed herein present a 
hybrid voice conversion approach by applying frequency 
Warping to parameterized speech, i.e., for the modi?cation of 
speaker identity related features of speech signals. Thus, the 
hybrid voice conversion approach can directly apply to com 
pressed or uncompressed speech. In this frameWork, a speech 
signal can be represented using the Very LoW Bit Rate 
(V LBR) codec proposed by NOKIA Corporation in US. 
published patent application no. 2005/0091041, entitled 
“Method and System for Speech Coding,” the contents of 
Which are incorporated herein by reference. The VLBR codec 
serves only as an example for a codec that alloWs for an 
encoding of a source speech signal under consideration of a 
segmentation of a source speech signal, Wherein said segmen 
tation depends on characteristics of said source speech signal. 
Initially, the GMM may be trained on a set of equivalent 
utterances provided by a source and target speaker. Once 
trained, the trained GMM may be used to convert sounds from 
a source speaker to resemble speech of a target speaker. 

Except With regard to element 120 in FIG. 1 (discussed 
beloW), “speaker” is used herein to refer to a human uttering 
speech (or a recording thereof) or to a text-to-speech (TTS) 
system (e.g., a High Quality (HQ)-TTS system). “Speech” 
refers to verbal communication. Speech is typically (though 
not exclusively) Words, sentences, etc. in a human language. 

FIG. 1 is a block diagram of a voice conversion device 100 
con?gured to perform voice conversion according to at least 
some exemplary embodiments. A microphone 102 receives 
voice input from a source speaker and/ or a target speaker and 
outputs a voice signal to an analog-to-digital converter 
(ADC) 104. The voice conversion device 100 is also con?g 
ured to receive voice input of the source and/ or target speaker 
through an input/output (I/O) port 110. In some cases, the 
voice input may be a recording in a digitiZed or analog form 
stored in random access memory (RAM) 112 and/or mag 
netic disk drive (HDD) 116. 

For a voice signal received from the microphone 102 and 
for recordings of a voice signal in an analog form, the ADC 
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104 digitiZes the voice signal and outputs a digitized voice 
signal to a digital signal processor (DSP) 106. For recordings 
of a voice signal in a digital form, the RAM 112 and/or HDD 
116 may output the digitiZed voice signal to the DSP 106. 
The DSP 106 divides the digitiZed voice signal into seg 

ments and generates parameters to model each segment. The 
parameters may be measurements of various attributes of 
sound and/ or speech. In accordance With at least some exem 
plary embodiments, the DSP 106 may apply linear prediction 
to model each segment. The linear prediction model may be, 
for example, represented as a line spectral frequency repre 
sentation of the segment. For more detail, refer to Us. pub 
lished patent application no. 2005/0091041. During linear 
prediction-based speech modeling, the DSP 106 may calcu 
late the parameters to identify various features of each seg 
ment, and may create a feature vector containing the param 
eters for each segment. Speci?cs of the feature vector Will be 
discussed in further detail beloW. The DSP 106 may output 
the feature vector to a microprocessor (HP) 108. The opera 
tions performed by DSP 106 could also be performed by 
microprocessor 108 or by another microprocessor (e.g., a 
general purpose microprocessor) local and/or remote to the 
voice conversion device 100. 

In accordance With at least some exemplary embodiments, 
the microprocessor 108 has tWo modes of operation. In a ?rst 
mode, the microprocessor 108 may analyZe the feature vector 
of the source speaker (“source feature vector”) and a feature 
vector of a target speaker (“target feature vector”) for training 
a Warping function of a voice conversion GMM model that 
may be later used for voice conversion. In a second mode, the 
microprocessor 108 may receive a digitiZed voice input pro 
vided by a source speaker, may generate a source feature 
vector based on the digitiZed voice input, and may apply the 
Warping function derived in the ?rst mode to the source fea 
ture vector for voice conversion to cause the digitiZed voice 
input to resemble speech of the target speaker. Alternatively, 
different devices may be used for training and conversion. 

In accordance With at least some exemplary embodiments, 
in the second mode, after the microprocessor 1 08 converts the 
digitiZed voice input, a digitiZed version of the converted 
voice input is processed by a digital-to-analog converter 
(DAC) 118 and output through speaker 120. Instead of (or 
prior to) output of the converted voice via DAC 118 and 
speaker 120, the microprocessor 108 may store the digitiZed 
version of the converted voice in the random access memory 
(RAM) 112 and/or the magnetic disk drive (HDD) 116. In 
some cases, microprocessor 108 may output a converted 
voice (through I/O port 110) for transfer to another device 
attached thereto or via a netWork. Additionally, the DAC 118 
may output an analog version of the converted voice input for 
storage in the random access memory (RAM) 112 and/or the 
magnetic disk drive (HDD) 116. 

In some embodiments, the microprocessor 108 performs 
voice conversion and other operations based on programming 
instructions stored in the RAM 112, the HDD 116, the read 
only memory (ROM) 114 or elseWhere. Preparing such pro 
gramming instructions is Within the routine ability of persons 
skilled in the art once such persons are provided With the 
information contained herein. In yet other embodiments, 
some or all of the operations performed by microprocessor 
108 are hardWired into microprocessor 108 and/or other inte 
grated circuits. In other Words, some or all aspects of voice 
conversion operations can be performed by an application 
speci?c integrated circuit (ASIC) having gates and other logic 
dedicated to the calculations and other operations described 
herein. The design of anASIC to include such gates and other 
logic is similarly Within the routine ability of a person skilled 
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4 
in the art if such person is ?rst provided With the information 
contained herein. In yet other embodiments, some operations 
are based on execution of stored program instructions and 
other operations are based on hardWired logic. Various pro 
cessing and/or storage operations can be performed in a 
single integrated circuit or divided among multiple integrated 
circuits (“chips” or a “chip set”) in numerous Ways. 
The voice conversion device 100 can take many forms, 

including a standalone voice conversion device, components 
of a desktop computer (e.g., a PC), a mobile communication 
device (e.g., a cellular telephone, a mobile telephone having 
Wireless internet connectivity, or another type of Wireless 
mobile terminal), a personal digital assistant (PDA), a note 
book computer, a video game console, etc. In certain embodi 
ments, some of the elements and features described in con 
nection With FIG. 1 are omitted. For example, a device Which 
only generates a converted voice based on text input may lack 
a microphone and/or DSP. In still other embodiments, ele 
ments and functions described for the voice conversion 
device 100 can be spread across multiple devices remote or 
local to one another (e.g., partial voice conversion is per 
formed by one device and additional conversion by other 
devices, a voice is converted and compressed for transmission 
to another device for recording or playback, etc.). 

For instance, voice conversion in accordance With exem 
plary embodiments can be utiliZed to extend the language 
portfolio of high-quality text-to-speech (HQ-TTS) systems 
for branded voices in a cost ef?cient manner. In this context, 
voice conversion can be used to permit a company to produce 
a synthetic voice from a voice talent in languages that the 
voice talent cannot speak. In addition, voice conversion can 
be used in entertainment applications and games, voice con 
version technology, such as reading text messages With the 
voice of the sender. Voice conversion in accordance With 
exemplary embodiments also may be used in other applica 
tions. 
As discussed above, before a frequency Warping function is 

applied to a source feature vector for voice conversion, the 
microprocessor 108 may train a voice conversion GMM 
model on a set of source and target feature vectors to train the 
frequency Warping function so that voice input from the 
source speaker may approximate speech of the target speaker. 
The folloWing describes training of a Warping function in 
accordance With exemplary embodiments. 

FIG. 2A illustrates a How diagram of a method for training 
a voice conversion GMM model on a set of aligned source and 
target feature vectors in accordance With at least some exem 
plary embodiments. The method 200 may begin at block 202. 

Inblock 202, the method 200 may include receiving a set of 
digitiZed source and target voice inputs of equivalent acoustic 
events. In accordance With exemplary embodiments, the 
ADC 104 may be con?gured to receive source and target 
voice signals of equivalent acoustic events. An equivalent 
acoustic event may refer to both the source and target speaker 
uttering the same sound, Word, and/or phrase. In one embodi 
ment, a source speaker may speak a set of one or more 
equivalent acoustic events into the microphone 102, and the 
ADC 104 may digitiZe and forWard a signal of the acoustic 
events to the DSP 106. Additionally, the target speaker may 
speak the same set of one or more equivalent acoustic events 
into the microphone 102, and the ADC 104 may digitiZe and 
forWard a signal of the acoustic events to the DSP 106. In 
another embodiment, digitiZed versions of the equivalent 
acoustic events from one or both of the source speaker and the 
target speaker may be retrieved from the RAM 112 and/or 
HDD 116, and forWarded to the DSP 106. In a further 
embodiment, analog versions of the equivalent acoustic 
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events of one or both of the source speaker and the target 
speaker may be retrieved from the RAM 112 and/or HDD 
116, digitized by the ADC 104, and forwarded to the DSP 
106. 

In block 204, the method 200 may include modeling the 
segments of the equivalent acoustic events of the digitiZed 
source and target voice input to generate a joint variable. Each 
of the segments may include tWo types of signals: a vocal tract 
contribution and an excitation signal, including line spectral 
frequency (LSF), pitch, voicing, energy, and spectral ampli 
tude of excitation. The vocal tract contribution is the audible 
portion of the source and/or target speaker’ s voice captured in 
the digitiZed segment that is capable of being predicted, and 
hence modeled. The excitation signal may represent the 
residual signal in the digitiZed segment. 

The vocal tract contribution of the digitiZed voice signal 
can be modeled in many different Ways. A reasonably accu 
rate approximation, from the perceptual point of vieW, can be 
obtained using linearly evolving voiced phases and random 
unvoiced phases. In accordance With at least some exemplary 
embodiments, the vocal tract contribution can be modeled 
using a linear prediction model. The excitation signal can be 
modeled using a sinusoidal model. Modeling of the vocal 
tract contribution and the excitation signal is brie?y discussed 
beloW With reference to FIG. 2B. For more detail, refer to Us. 
published patent application no. 2005/ 0091041 . 

FIG. 2B illustrates a How diagram of a method for model 
ing of the vocal tract contribution and the excitation signal in 
accordance at least some exemplary embodiments. The 
method 250 may begin at block 252. 

In block 252, the method 250 may include obtaining a 
spectral envelope to model the vocal tract contribution. In 
accordance With exemplary embodiments, the DSP 106 may 
obtain a spectral envelope of the vocal tract contribution of 
the segment to model the vocal tract contribution using linear 
prediction, such as, but not limited to, a line spectral fre 
quency (LSF) representation. Using the Well-knoWn linear 
prediction approach, the DSP 106 may use previous speech 
samples to form a prediction for a neW sample. 

In block 254, the method 250 may include deriving linear 
prediction coef?cients for the LSP representation based on 
the spectral envelope. The linear prediction coef?cients {aj} 
model the vocal tract contribution of the digitiZed voice signal 
reasonably Well. In accordance With at least some exemplary 
embodiments, the DSP 106 can estimate the linear prediction 
coef?cients {aj} using an autocorrelation method or a cova 
riance method, With the autocorrelation method being pre 
ferred due to the ensured ?lter stability. 

FolloWing the Well-knoWn source-?lter modeling, the 
remaining residual r(t) can be regarded as the excitation sig 
nal, Which is modeled in a frame-Wise manner as a sum of 

sinusoids, 

M (1) 

r(n) : z Amcosmwm + 0m), 

Where Am and 6m represent the amplitude and the phase of 
each sine-Wave component associated With the frequency 
track mm, M denotes the total number of sine-Wave compo 
nents, and n denotes the index of the speech sample. 

In block 256, the method 250 may include sinusoidally 
modeling the excitation signal. The DSP 106 may model the 
excitation signal using a sinusoidal model. In this example, 
the DSP 106 models the unvoiced portion using sinusoids as 
folloWs: 
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Where Vm is the degree of voicing for the mth sinusoidal 
component ranging from 0 to 1, While 6m Vand emUdenote the 
phase of the mth voiced and unvoiced sine-Wave component, 
respectively. 
One alternative to the above approach is to model the 

voiced contribution using the sinusoidal model from Eq. (1) 
above and to separately model the unvoiced contribution as 
spectrally shaped noise. 

In block 258, the method 250 may include outputting a 
feature vector representation of the voice input based on the 
models of the vocal tract contribution and the excitation sig 
nal. In accordance With at least some exemplary embodi 
ments, the output of the DSP 106 can be computed as 

K (3) 
rm = so) - 2 also — 1'). 

Fl 

Where s(t) denotes the discrete speech signal value at time 
t, K is the order of LPC modeling, aj are the linear prediction 
coe?icients, and r(t) denotes the residual signal that cannot be 
predicted. 

In one embodiment, the DSP 106 outputs a representation 
of the speech from each of the target and source speakers as 
feature vectors that include a set of ?ve parameters. Each of 
these parameters is estimated at equal intervals from the input 
speech signal: (1) LSFs (lsf), vocal tract contribution mod 
eled using linear prediction; (2) Energy (e) to measure overall 
gain; (3) Amplitude (a) of the sinusoids of excitation spec 
trum; (4) Pitch (p); and (5) Voicing information (v). The 
feature vector includes each of these parameters for each 
segment. As such, the DSP 106 may generate a source feature 
vector x based on the set of n segments provided by the source 
speaker and a target feature vector y based on the set of n 
segments of equivalent events provided by the target speaker. 

In block 260, the method 250 may include aligning the 
parameters of the source feature vector x With the parameters 
of the equivalent acoustic events in the target feature vector y 
to derive a joint variable v. In accordance With at least some 
exemplary embodiments, the DSP 106 may align the equiva 
lent acoustic events from the source speaker and from the 
target speaker. The commonly used dynamic time Warping 
(DTW) algorithm may be used for aligning the source feature 
vector x With the target feature vector y. Other alignment 
algorithms also may be used. For example, the DSP 106 may 
align a ?rst segment of a ?rst digitiZed signal of Where the 
source speaker speaks a sound, Word, and/or phrase and a 
second segment Where the target speaker speaks the same 
sound, Word, and/or phrase. Alignment may provide a rea 
sonable mapping betWeen the segments to represent corre 
sponding equivalent acoustic events. 
Once the feature vectors x and y have been aligned, the 

DSP 106 may create a joint variable v:[xT yT]T. The joint 
variable v is a vector that includes the feature vector x that 
includes the parameters of the source speaker and the feature 
vector y that includes the parameters of the target speaker, and 
the variable T represents the transpose of these vectors. For 
example, parameter pair [xi yi] in the feature vector v corre 
sponds to the ith segment in the source feature vector x and in 
the target feature vector y, Which includes the parameters 
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Where the source and target speaker provide equivalent acous 
tic events (e. g., each say the same sound, Word, and/or 
phrase). The DSP 106 may then output the joint variable v. 
The joint variable v may be used for training of a mixture 
module, Which is a voice conversion algorithm applied by the 
microprocessor 108, to permit the microprocessor 108 to map 
the source feature vector x to the target feature vector y. The 
method 250 may return to block 206 in FIG. 2A. 

In block 206, the method 200 may include estimating a 
probability density function (pdf) of the joint variable v. In 
accordance With at least some exemplary embodiments, the 
microprocessor 108 may estimate a pdf of the joint random 
variable v using an expectation maximization (EM) algorithm 
from a sequence of v samples [v1 v2 . . .vt. . .vp], provided that 

the dataset is long enough. The EM algorithm is described in 
the article “Maximum likelihood from incomplete data via 
the EM algorithm” to Dempster et al published in the Journal 
of the Royal Statistical Society, Series B, 39(l):l-38, 1977. 
The EM algorithm may be used for ?nding maximum likeli 
hood estimates of parameters in probabilistic models, Where 
the model depends on unobserved latent variables. The EM 
algorithm alternates between an expectation computation and 
a maximization computation. During the expectation compu 
tation, the EM algorithm computes an expectation of the 
maximum likelihood estimates by including the unobserved 
latent variables as if the latent variables Were observed. Dur 

ing the maximization computation, the EM algorithm com 
putes the maximum likelihood estimates of the parameters by 
maximizing the expected likelihood found in the expectation 
computation. The parameters found in the maximization 
computation are then used to begin another expectation com 
putation, and the EM algorithm is repeated. 

In accordance With at least some exemplary embodiments, 
the joint variable v may be a GMM distributed random vari 

able. In the particular case When v:[xTyT]T is a joint variable, 
the distribution of v can be used for probabilistic mapping 
betWeen the tWo variables. For instance, the distribution of v 
may be modeled by GMM as in Equation (4). 

L (4) 
PW) = Po. y) = Z q-Mv. 111,21), 

[:1 

Where cZ is the prior probability of v for the component 

L 

[[2 0, =1 and 012 0], 

L denotes the number of mixtures and N(v, u], 2]) denotes 
Gaussian distribution With the mean vector u] and the covari 

ance matrix 21. 
The parameters of the GMM can be estimated using the 

Well-knoWn Expectation Maximization (EM) algorithm. 
For the actual transformation, a function F(.) is desired 

such that the transformed F(xt) best matches the target yt for 
all data in the training set. One conversion function that 
converts source feature xt to target feature yt is given by 
Equation (5). 
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The Weighting terms p are chosen to be the conditional 
probabilities that the feature vector xt belongs to the different 
components. The microprocessor 108 may use the pdf of the 
GMM random variable v to generate a mixture speci?c Warp 
ing function WZ(u)) for a given mixture mean pair. 

In block 208, the method 200 may include selecting a 
mixture mean pair [p.fuly] associated With a particular seg 
ment. In accordance With at least some exemplary embodi 
ments, the microprocessor 108 selects a segment 1 and its 
associated mixture mean pair [p.f‘ ply] from mean vector g 
provided in equation (4) above. 

Inblock 210, the method 200 may include deriving spectral 
envelopes for each of the source and target means from the 
selected mean mixture pair [pf ply]. In accordance With at 
least some exemplary embodiments, for the 1”’ mixture mean 
pair, the microprocessor 108 can derive source and target 
spectral envelopes for each of the source and target means pf‘ 
and ply. 

In block 212, the method 200 may include aligning for 
mants of the spectral envelopes from the selected mean mix 
ture pair to establish the mixture speci?c Warping function. In 
accordance With at least some exemplary embodiments, the 
microprocessor 108 aligns the formants of the paired spectral 
envelopes to establish the mixture speci?c Warping function 
WZ(u)), Which Will be later described beloW With reference to 
FIG. 3. 

In block 214, the method 200 may include determining 
Whether a mixture speci?c Warping function and a mixture 
Weight has been created for all of the mixture mean pairs. If 
not, the method 200 may return to block 208 to process a next 
mean mixture pair. If so, the method 200 may continue to 
block 402 in FIG. 4. 
Once the microprocessor 108 calculates the mixture spe 

ci?c Warping functions, the microprocessor 108 may use a 
Weighted combination of the mixture speci?c Warping func 
tions in the second mode to convert additional sounds 
received from the source speaker to resemble speech of the 
target speaker Without having to receive any additional 
sounds, Words, and/ or phrases from the target speaker. Before 
describing voice conversion, calculation of the mixture spe 
ci?c Warping function for a particular mixture mean pair is 
further described beloW With reference to FIG. 3. 

FIG. 3 illustrates a lattice for deriving a mixture speci?c 
Warping function in accordance With exemplary embodi 
ments. The microprocessor 108 may generate a lattice 300 to 
automatically derive the mixture speci?c Warping function. 
In accordance With at least some exemplary embodiments, 
the microprocessor 108 generates the lattice 300 (Which also 
may be referred to as a “grid”) from spectral envelopes 
obtained from aligned LPC vectors calculated directly from 
LSF vectors of the source and target speakers for a particular 
mixture mean pair. 

In this example, the microprocessor 108 identi?es spectral 
peaks denoted as SP1, SP2, . . . , SP," from the source spectral 
envelop of the mean pf‘ of the source speaker, and spectral 
peaks denoted as TPl, TP2, . . . , TPn from the target spectral 
envelop of the mean ply from the target speaker. The micro 
processor 108 may align the spectral peaks of the target and 



US 8,224,648 B2 
9 

source spectral envelopes to generate a lattice 300, Where 
each node in the lattice 300 denotes one possible aligned 
formant pair. 

In accordance With at least some exemplary embodiments, 
the microprocessor 108 calculates the possible aligned for 
mant pairs using a constrained search to identify the nodes as 
described beloW. A node occurs in the lattice 3 00 Where one or 
more source spectral peaks SP intersect With one or more 
target spectral peaks TP. For instance, FIG. 3 illustrates node 
302 Where source spectral peak SP 1 intersects With the target 
spectral peak TPl, node 304 Where source spectral peak SP2 
intersects With the target spectral peak TPl, node 306 Where 
source spectral peak SP3 intersects With the target spectral 
peak TP2, and node 308 Where source spectral peak SP," 
intersects With the target spectral peak TPn. 

After the nodes are identi?ed, the microprocessor 108 
de?nes a cost for each node and a path cost for each path. A 
node cost is later described in further detail. The path cost is 
the cumulative node cost for all the nodes in the path. The best 
path is the one With minimum path cost, as seen in Equation 

(6) 

pa?f‘ : argmin z cost(i), (6) 
PM iepath 

By ?nding the best path, the microprocessor 108 identi?es 
the best (i.e., loWest cost) aligned formant pairs from the set of 
possible aligned formant pairs. Then, the microprocessor 108 
calculates the mixture speci?c Warping function for a particu 
lar mixture mean pair based on ?tting a smooth curve through 
the aligned formant pairs along the best path in the lattice 300. 
The microprocessor 108 may then obtain the Warping func 
tion based on a Weighted combination of the mixture speci?c 
Warping functions for each of the mixture mean pairs, as Will 
be discussed beloW. 

The node cost can be de?ned in different Ways, for 
example, based on formant likelihood using peak parameters 
(e. g., shaping factor, peak bandWidth). In one implementa 
tion, the microprocessor 108 calculates the node cost as a 
distance to a baseline function 310 and assumes that the 
Warping function has normally a minimal bias from the base 
line function due to physiological limitations. 

Deriving mixture speci?c Warping functions in accordance 
With exemplary embodiments may provide advantages over 
conventional solutions. For instance, conventional Warping 
functions are derived using heuristic and manual selection of 
the formants of the aligned segments Which may hinder other 
applications Where on demand derivation is desired. 
Once the mixture speci?c Warping functions are created, 

the training of the voice conversion GMM model is complete. 
The microprocessor 108 may then apply the voice conversion 
GMM model to convert additional sounds received from the 
source speaker to approximate the voice of the target speaker. 
Initially, in the voice conversion mode, the DSP 106 codes 
parameters of the additional sounds of the source speaker in a 
source feature vector as discussed above. Then, the micropro 
cessor 108 applies a Weighted combination of the mixture 
speci?c Warping functions to the source feature vector as 
described beloW in FIG. 4 to convert the speech from the 
source speaker to resemble that of the target speaker. 

FIG. 4 illustrates a How diagram of a method of applying a 
Warping function to sounds of a source speaker to convert the 
sounds to approximate speech of a target speaker. 

In block 402, the method 400 may include receiving a 
source voice input. The source speaker may speak into micro 
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10 
phone 102, or the voice conversion device 100 may receive a 
recorded voice input, as discussed above. 

In block 404, the method 400 may include performing 
feature extraction to generate a feature vector based on the 
source voice input. The DSP 106 may generate a feature 
vector based on the source input in the manner discussed 
above. 

In block 406, the method 400 may include calculating a 
mixture Weight (i.e., conditional probability) based on the 
source voice input to generate a Warping function. In accor 
dance With at least some exemplary embodiments, the micro 
processor 108 can calculate the mixture Weight, pZ(x) from 
equation (5), above, using the input source feature vector x, 
and may derive the Warping function W(u)) as a combination 
along the frequency of the Weighting terms p and the mixture 
speci?c Warping functions WZ(u)) based on equation (7) 
beloW. 

L (7) 
Wu») = Z plow/1(a)) 

In block 408, the method 400 may include applying the 
Warping function to Warp the source feature vector. The 
Warped source feature vector may approximate speech from 
the target speaker. The voice conversion device 100 may 
generate sound based on the Warped source feature vector to 
approximate speech from the target speaker. Another exem 
plary embodiment of applying voice conversion is discussed 
beloW With reference to FIG. 5. 

FIG. 5 illustrates a method of applying a voice conversion 
GMM model to a source LSF feature vector in accordance 
With exemplary embodiments. 

In block 502, the method 500 may include converting the 
LSP coef?cients of the source feature vector into linear pre 
diction coef?cients (LPC). The microprocessor 108 may con 
vert the LSP coef?cients of the source feature vector into a 
linear prediction coe?icient (LPC) vector. 

In block 504, the method 500 may include obtaining a 
spectral envelope from the LPC vector. In accordance With at 
least some exemplary embodiments, the microprocessor 108 
may obtain a spectral envelope 8(a)) from the LPC vector. 

In block 506, the method 500 may include applying the 
Warping function to the spectral envelope. The microproces 
sor 108 may apply the Warping function W(u)) to the spectral 
envelope 8(a)) to obtain a Warped spectrum S(W_l(u))). 

In block 508, the method 500 may include approximating 
a Warped LPC vector from the Warped spectrum. The micro 
processor 108 may approximate the Warped LPC vector from 
the Warped spectrum S(W_1(u))). 

In block 510, the method 500 may include obtaining 
Warped LSF coef?cients from the Warped LPC vector. The 
microprocessor 108 may obtain Warped LSF coef?cients 
from the Warped LPC vector. The microprocessor 108 may 
output the Warped LSF coef?cients in a Warped feature vector 
LSFWfor storage or for output to the DAC 118. Additionally, 
the microprocessor 108 may estimate a Warping residual. 

In block 512, the method 500 may include obtaining a 
Warped spectrum estimate from the Warped LPC vector. The 
microprocessor 108 may obtain a Warped spectrum estimate 
S E(W_l(u))) from the Warped LPC vector. 

In block 514, the method 500 may include subtracting the 
Warped spectrum estimate from the Warped spectrum. The 
microprocessor 108 may subtract the Warped spectrum esti 
mate SE(W_l(uu)) obtained in block 512 from the Warped 
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spectrum S(W_l(u))) obtained in block 506 to identify a 
residual Warped spectrum EW(u)). The output of the method 
500 may be the residual Warped spectrum EW(u)) from block 
514 and the Warped feature vector LSFW from block 510, 
Which together form the generalized excitation. 

Broadly speaking from a speech production perspective, 
the speech S is generally modeled as a vocal tract transfer 
function H by LSF parameters and excitation E by amplitude 
parameters as further described With reference to FIG. 6, 
beloW. 

FIG. 6 is a speech production module in accordance With 
exemplary embodiments. As depicted, the vocal transfer 
function H 602 receives excitation signal E, and outputs a 
converted voice signal S. FIG. 6 represents the vocal transfer 
function H in the time domain as h(t) and in the frequency 
domain as H(u)), the excitation E in the time domain as e(t) 
and in the frequency domain as E(u)), and the converted voice 
signal S in the time domain as s(t) and in the frequency 
domain as S(u)). 
As seen in Equation (8) beloW, the source speech is mod 

eled in the Warped domain. The Warped speech spectrum 
S(W_l(u))) is the product of Warped LPC spectrum H L PCW(u)) 
and generaliZed excitation spectrum EW(u)). The generaliZed 
excitation EW(u)) as shoWn in Equation (9) is composed of 
Warped excitation, Warping residual, and Warped LPC spec 
trum HLPCW(u)). Weight, 1;)»;0, is used to balance the con 
tribution of the Warping residual to the generaliZed excitation. 

As such, the source speech can be modeled in the Warped 
domain to approximate speech from the target speaker. 

The exemplary embodiments can provide numerous 
advantages. These include: (1) achieving good performance 
in terms of speaker identity and achieving excellent speech 
quality by bene?ting from the advantages by using a hybrid of 
the GMM and frequency Warping approaches; (2) e?iciency 
by Working directly on the coded speech in parametric 
domain; (3) automation by providing a fully data-driven 
approach; (4) ?exibility; (5) compatibility by Working With 
other existing speech coding solutions; (6) potential for use in 
speech synthesis (to modify TTS output); (7) achieves loW 
computational complexity (especially When used together 
With a very loW bit rate (VLBR) speech codec); (8) achieves 
a loW memory footprint; and (9) is an ideal solution for 
embedded applications. 

The methods and features recited herein may further be 
implemented through any number of computer readable 
media that are able to store computer readable instructions. 
Examples of computer readable mediums that may be used 
include RAM, ROM, EEPROM, ?ash memory or other 
memory technology, CD-ROM, DVD or other optical disk 
storage, magnetic cassettes, magnetic tape, magnetic storage 
and the like. 

Additionally or alternatively, in at least some embodi 
ments, the methods and features recited herein may be imple 
mented through one or more integrated circuits (ICs). An 
integrated circuit may, for example, be a microprocessor that 
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accesses programming instructions and/or other data stored 

in a read only memory (ROM). In some such embodiments, 
ROM stores programming instructions that cause IC to per 
form operations according to one or more of the methods 

described herein. In at least some other embodiments, one or 
more the methods described herein are hardWired into IC. In 

other Words, IC is in such cases an application speci?c inte 
grated circuit (ASIC) having gates and other logic dedicated 
to the calculations and other operations described herein. In 
still other embodiments, IC may perform some operations 
based on execution of programming instructions read from 
ROM and/or RAM, With other operations hardWired into 
gates and other logic of IC. Further, IC may output image data 
to a display buffer. 

Thus, the exemplary embodiments described herein pro 
vide a natural Way to eliminate the draWbacks of each fre 
quency Warping and GMM modeling and to ensure both high 
speech quality and a good speaker identity conversion. 
Although speci?c examples of carrying out the invention 

have been described, those skilled in the art Will appreciate 
that there are numerous variations and permutations of the 
above-described systems and methods that are contained 
Within the spirit and scope of the invention as set forth in the 
appended claims. Additionally, numerous other embodi 
ments, modi?cations and variations Within the scope and 
spirit of the appended claims Will occur to persons of ordinary 
skill in the art from a revieW of this disclosure. 

The invention claimed is: 
1. A method comprising: 
processing a set of source sounds to generate a source 

feature vector and processing a set of target sounds to 
generate a target feature vector; 

aligning the source feature vector With the target feature 
vector to generate a joint variable; 

estimating a probability density function for the joint vari 
able, the probability density function including a mean 
vector; and 

training, by one or more processors, a mixture model based 
on the joint variable by a process that includes: 
selecting a mixture mean pair from the mean vector, 
deriving a source spectral envelope and a target spectral 

envelope for the selected mixture mean pair, and 
generating a mixture speci?c Warping function for the 

selected mixture mean pair based on the target and 
source spectral envelopes. 

2. The method of claim 1, further comprising: 
receiving a source sound; 
applying linear prediction to the source sound to generate a 

second source feature vector; 
calculating a mixture Weight for the second source feature 

vector; and 
generating a Warped feature vector by applying a function 

to the second source feature vector, the function includ 
ing the mixture Weight, the mixture speci?c Warping 
function for the mixture mean pair, and other mixture 
speci?c Warping functions for other mixture mean pairs 
selected from the mean vector. 

3. The method of claim 1, Wherein the set of source sounds 
is divided into a plurality of source segments and the set of 
target sounds is divided into a plurality of target segments, 
Wherein aligning the source feature vector With the target 
feature vector comprises aligning source parameters derived 
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from a ?rst source segment With target parameters derived 
from a target segment of a corresponding acoustic event. 

4. The method of claim 1, Wherein generating the mixture 
speci?c Warping function for the mixture mean pair includes: 

identifying one or more ?rst peaks from the source spectral 
envelope; 

identifying one or more second peaks from the target spec 
tral envelope; 

identifying a set of nodes representing possible aligned 
formant pairings of the source spectral envelope With the 
target spectral envelope, each node of the set of nodes 
being located at an intersection betWeen a peak from the 
one or more ?rst peaks and a peak from the one or more 

second peaks. 
5. The method of claim 4, Wherein generating the mixture 

speci?c Warping function for the mixture mean pair includes: 
identifying one or more paths based on the set of nodes; 
calculating a node cost for each node in the set of nodes; 
for each of the one or more paths, calculating a path cost 

based on a sum of node costs that correspond to nodes 
along the path; and 

selecting a particular path from the one or more paths based 
on path costs of the one or more paths. 

6. The method of claim 5, Wherein generating the mixture 
speci?c Warping function for the mixture mean pair includes 
applying curve ?tting to the nodes along the particular path to 
derive the mixture speci?c Warping function for the mixture 
mean pair. 

7. The method of claim 1, Wherein each of the source 
feature vector and the target feature vector comprise at least 
one of a line spectral frequency coel?cient, energy informa 
tion, amplitude information, pitch information, and voicing 
information. 

8. The method of claim 1, Wherein processing the set of 
source sounds and processing the set of target sounds gener 
ates a line spectral frequency representation of the set of 
source sounds and the set of target sounds. 

9. The method of claim 1, Wherein training the mixture 
model based on the joint variable includes generating a plu 
rality of mixture speci?c Warping functions, each Warping 
function in the plurality of mixture speci?c Warping functions 
corresponding to a speci?c mixture mean pair from the mean 
vector, and Wherein one of the Warping functions in the plu 
rality of mixture speci?c Warping functions is the mixture 
speci?c Warping function for the mixture mean pair. 

10. An apparatus comprising: 
one or more processors; and 

one or more non-transitory computer readable media stor 
ing computer readable instructions con?gured to, With 
the one or more processors, cause the apparatus to at 

least: 
process a set of source sounds to generate a source feature 

vector and process a set of target sounds to generate a 

target feature vector; 
align the source feature vector With the target feature vector 

to generate a joint variable; 
estimate a probability density function for the joint vari 

able, the probability density function including a mean 
vector; and 

train a mixture model based on the joint variable by a 
process that includes: 
selecting a mixture mean pair from the mean vector, 
deriving a source spectral envelope and a target spectral 

envelope for the selected mixture mean pair, and 
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14 
generating a mixture speci?c Warping function for the 

selected mixture mean pair based on the target and 
source spectral envelopes. 

11. The apparatus of claim 10, Wherein the one or more 
computer readable media further store computer readable 
instructions con?gured to, With the one or more processors, 
cause the apparatus to: 

receive a source sound; 
apply linear prediction to the source sound to generate a 

second source feature vector; 
calculate a mixture Weight for the second source feature 

vector; and 
generate a Warped feature vector by applying a function to 

the second source feature vector, the function including 
the mixture Weight, the mixture speci?c Warping func 
tion for the mixture mean pair, and other mixture speci?c 
Warping functions for other mixture mean pairs selected 
from the mean vector. 

12. The apparatus of claim 10, Wherein the set of source 
sounds is divided into a plurality of source segments and the 
set of target sounds is divided into a plurality of target seg 
ment’s, Wherein aligning the source feature vector With the 
target feature vector comprises aligning source parameters 
derived from a ?rst source segment With target parameters 
derived from a target segment of a corresponding acoustic 
event. 

13. The apparatus of claim 10, Wherein generating the 
mixture speci?c Warping function for the mixture mean pair 
includes: 

identifying one or more ?rst peaks from the source spectral 
envelope; 

identifying one or more second peaks from the target spec 
tral envelope; 

identifying a set of nodes representing possible aligned 
formant pairings of the source spectral envelope With the 
target spectral envelope, each node of the set of nodes 
being located at an intersection betWeen a peak from the 
one or more ?rst peaks and a peak from the one or more 

second peaks. 
14. The apparatus of claim 13, Wherein generating the 

mixture speci?c Warping function for the mixture mean pair 
includes: 

identifying one or more paths based on the set of nodes; 
calculating a node cost for each node in the set of nodes; 
for each of the one or more paths, calculating a path cost 

based on a sum of node costs that correspond to nodes 
along the path; and 

selecting a particular path from the one or more paths based 
on path costs of the one or more paths. 

15. The apparatus of claim 14, Wherein generating the 
mixture speci?c Warping function for the mixture mean pair 
includes applying curve ?tting to the nodes along the particu 
lar path to derive the mixture speci?c Warping function for the 
mixture mean pair. 

16. The apparatus of claim 10, Wherein each of the source 
feature vector and the target feature vector comprise at least 
one of a line spectral frequency coel?cient, energy informa 
tion, amplitude information, pitch information, and voicing 
information. 

17. The apparatus of claim 10, Wherein processing the set 
of source sounds and processing the set of target sounds 
generates a line spectral frequency representation of the set of 
source sounds and the set of target sounds. 

18. The apparatus of claim 1 0, Wherein training the mixture 
model based on the joint variable includes generating a plu 
rality of mixture speci?c Warping functions, each Warping 
function in the plurality of mixture speci?c Warping functions 
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corresponding to a speci?c mixture mean pair from the mean 
vector, and Wherein one of the Warping functions in the plu 
rality of mixture speci?c Warping functions is the mixture 
speci?c Warping function for the mixture mean pair. 

19. One or more non-transitory computer readable media 
storing computer readable instructions con?gured to, When 
executed, cause a processor to at least: 

process a set of source sounds to generate a source feature 

vector and process a set of target sounds to generate a 

target feature vector; 
align the source feature vector With the target feature vector 

to generate a joint variable; 
estimate a probability density function for the joint vari 

able, the probability density function including a mean 
vector; and 

train a mixture model based on the joint variable by a 
process that includes: 
selecting a mixture mean pair from the mean vector, 
deriving a source spectral envelope and a target spectral 

envelope for the selected mixture mean pair, and 
generating a mixture speci?c Warping function for the 

selected mixture mean pair based on the target and 
source spectral envelopes. 

20. The one or more computer readable media of claim 19, 
further storing computer executable instructions con?gured 
to, When executed, cause the processor to: 

receive a source sound; 
apply linear prediction to the source sound to generate a 

second source feature vector; 
calculate a mixture Weight for the second source feature 

vector; and 
generate a Warped feature vector by applying a function to 

the second source feature vector, the function including 
the mixture Weight, the mixture speci?c Warping func 
tion for the mixture mean pair, and the other mixture 
speci?c Warping functions for other mixture mean pairs 
selected from the mean vector. 

21. The one or more computer readable media of claim 19, 
Wherein the set of source sounds is divided into a plurality of 
source segments and the set of target sounds is divided into a 
plurality of target segments, Wherein aligning the source fea 
ture vector With the target feature vector comprises aligning 
source parameters derived from a ?rst source segment With 
target parameters derived from a target segment of a corre 
sponding acoustic event. 

22. The one or more computer readable media of claim 19, 
Wherein generating the mixture speci?c Warping function for 
the mixture mean pair includes: 

identifying one or more ?rst peaks from the source spectral 
envelope; 

identifying one or more second peaks from the target spec 
tral envelope; 

identifying a set of nodes representing possible aligned 
formant pairings of the source spectral envelope With the 
target spectral envelope, each node of the set of nodes 
being located at an intersection betWeen a peak from the 
one or more ?rst peaks and a peak from the one or more 
second peaks. 

23. The one or more computer readable media of claim 22, 
Wherein generating the mixture speci?c Warping function for 
the mixture mean pair includes: 

identifying one or more paths based on the set of nodes; 
calculating a node cost for each node in the set of nodes; 
for each of the one or more paths, calculating a path cost 

based on a sum of node costs that correspond to nodes 
along the path; and 
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selecting a particular path from the one or more paths based 

on path costs of the one or more paths. 

24. The one or more computer readable media of claim 23, 
Wherein generating the mixture speci?c Warping function for 
the mixture mean pair includes applying curve ?tting to the 
nodes along the particular path to derive the mixture speci?c 
Warping function for the mixture mean pair. 

25. The one or more computer readable media of claim 19, 
Wherein each of the source feature vector and the target fea 
ture vector comprise at least one of a line spectral frequency 
coe?icient, energy information, amplitude information, pitch 
information, and voicing information. 

26. The one or more computer readable media of claim 19, 
Wherein processing the set of source sounds and processing 
the set of target sounds generates a line spectral frequency 
representation of the set of source sounds and the set of target 
sounds. 

27. The one or more computer readable media of claim 19, 
Wherein training the mixture model based on the joint vari 
able includes generating a plurality of mixture speci?c Warp 
ing functions, each Warping function in the plurality of mix 
ture speci?c Warping functions corresponding to a speci?c 
mixture mean pair from the mean vector, and Wherein one of 
the Warping functions in the plurality of mixture speci?c 
Warping functions is the mixture speci?c Warping function 
for the mixture mean pair. 

28. A method comprising: 
receiving a sound; 
applying linear prediction to the sound to generate a feature 

vector; 
providing a plurality of mixture speci?c Warping functions, 

each Warping function in the plurality of mixture spe 
ci?c Warping functions being speci?c to one mixture 
mean pair from a mean vector of a probability density 
function and being generated based on target and source 
spectral envelopes derived from the speci?c mixture 
mean pair, Wherein the probability density function is 
for a source speaker and a target speaker; 

calculating a mixture Weight for the feature vector; and 
generating, by one or more processors, a Warped feature 

vector by applying a function to the feature vector, the 
function including the mixture Weight and the plurality 
of mixture speci?c functions, Wherein a second sound 
generated based on the Warped feature vector approxi 
mates a target sound from the target speaker. 

29. The method of claim 28, Wherein the method further 
comprises: 

creating a linear prediction coe?icient vector based on the 
feature vector; and 

calculating a spectral envelope of the linear prediction 
coe?icient vector. 

30. The method of claim 29, Wherein the Warping function 
is applied to the spectral envelope to generate a Warped spec 
tral envelope. 

31. The method of claim 30, further comprising: 
deriving a Warped linear prediction coe?icient vector from 

the Warped spectral envelope; 
converting the Warped linear prediction coef?cient vector 

to the Warped feature vector; and 
generating sound based on the Warped feature vector. 
32. The method of claim 31, further comprising: 
generating a Warped spectral envelope estimate based on 

the Warped linear prediction coe?icient vector; and 
calculating a residual spectrum based on a difference 

betWeen the Warped spectral envelope and the Warped 
spectral envelope estimate. 
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33. An apparatus comprising: 
one or more processors; and 

one or more non-transitory computer readable media stor 
ing computer readable instructions con?gured to, With 
the one or more processors, cause the apparatus to at 

least: 
receive a sound; 
apply linear prediction to the sound to generate a feature 

vector; 
provide a plurality of mixture speci?c Warping functions, 

each Warping function in the plurality of mixture spe 
ci?c Warping functions being speci?c to one mixture 
mean pair from a mean vector of a probability density 
function and being generated based on target and source 
spectral envelopes derived from the speci?c mixture 
mean pair, Wherein the probability density function is 
for a source speaker and a target speaker; 

calculate a mixture Weight for the feature vector; and 
generate a Warped feature vector by applying a function to 

the feature vector, the function including the mixture 
Weight and the plurality of mixture speci?c Warping 
functions, Wherein a second sound generated based on 
the Warped feature vector approximates a target sound 
from the target speaker. 

34. The apparatus of claim 33, Wherein the one or more 
computer readable media further store computer readable 
instructions con?gured to, With the one or more processors, 
cause the apparatus to: 

create a linear prediction coef?cient vector based on the 
feature vector; and 

calculate a spectral envelope of the linear prediction coef 
?cient vector. 

35. The apparatus of claim 34, Wherein the Warping func 
tion is applied to the spectral envelope to generate a Warped 
spectral envelope. 

36. The apparatus of claim 35, Wherein the one or more 
computer readable media further store computer readable 
instructions con?gured to, With the one or more processors, 
cause the apparatus to: 

derive a Warped linear prediction coef?cient vector from 
the Warped spectral envelope; 

convert the Warped linear prediction coef?cient vector to 
the Warped feature vector; and 

generate sound based on the Warped feature vector. 
37. The apparatus of claim 36, Wherein the one or more 

computer readable media further store computer readable 
instructions con?gured to, With the one or more processors, 
cause the apparatus to: 

generate a Warped spectral envelope estimate based on the 
Warped linear prediction coef?cient vector; and 
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18 
calculate a residual spectrum based on a difference 

betWeen the Warped spectral envelope and the Warped 
spectral envelope estimate. 

38. One or more non-transitory computer readable media 
storing computer readable instructions con?gured to, When 
executed, cause a processor to at least: 

receive a sound; 
apply linear prediction to the sound to generate a feature 

vector; 
provide a mixture model comprising a plurality of mixture 

speci?c Warping functions, each Warping function in the 
plurality of mixture speci?c Warping functions being 
speci?c to one mixture mean pair from a mean vector of 
a probability density function and being generated based 
on target and source spectral envelopes derived from the 
speci?c mixture mean pair, Wherein the probability den 
sity function is for a source speaker and a target speaker; 

calculate a mixture Weight for the feature vector; and 
generate a Warped feature vector by applying a function to 

the feature vector, the function including the mixture 
Weight and the plurality of mixture speci?c Warping 
functions, Wherein a second sound generated based on 
the Warped feature vector approximates a target sound 
from the target speaker. 

39. The one or more computer readable media of claim 38, 
further storing computer readable instructions con?gured to, 
When executed, cause the processor to: 

create a linear prediction coef?cient vector based on the 
feature vector; and 

calculate a spectral envelope of the linear prediction coef 
?cient vector. 

40. The one or more computer readable media of claim 39, 
Wherein the Warping function is applied to the spectral enve 
lope to generate a Warped spectral envelope. 

41. The one or more computer readable media of claim 40, 
further storing computer readable instructions con?gured to, 
When executed, cause the processor to: 

derive a Warped linear prediction coef?cient vector from 
the Warped spectral envelope; 

convert the Warped linear prediction coef?cient vector to 
the Warped feature vector; and 

generate sound based on the Warped feature vector. 
42. The one or more computer readable media of claim 41, 

further storing computer readable instructions con?gured to, 
When executed, cause the processor to: 

generate a Warped spectral envelope estimate based on the 
Warped linear prediction coef?cient vector; and 

calculate a residual spectrum based on a difference 
betWeen the Warped spectral envelope and the Warped 
spectral envelope estimate. 

* * * * * 


